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A few neuroinformatics databases now exist that record results from neuroimaging studies in 
the form of brain coordinates in stereotaxic space. The Brede Toolbox was originally developed 
to extract, analyze and visualize data from one of them – the BrainMap database. Since then 
the Brede Toolbox has expanded and now includes its own database with coordinates along 
with ontologies for brain regions and functions: The Brede Database. With Brede Toolbox and 
Database combined, we setup automated workfl ows for extraction of data, mass meta-analytic 
data mining and visualizations. Most of the Web presence of the Brede Database is established 
by a single script executing a workfl ow involving these steps together with a fi nal generation 
of Web pages with embedded visualizations and links to interactive three-dimensional models 
in the Virtual Reality Modeling Language. Apart from the Brede tools I briefl y review alternate 
visualization tools and methods for Internet-based visualization and information visualization 
as well as portals for visualization tools.
Keywords: neuroimaging, visualization, software, meta-analysis, database, text mining, Web service, Brede
(NIF) (Gardner et al., 2008), Neuroimaging Informatics Tools 
and Resources Clearinghouse (NITRC) (Buccigrossi et al., 2008), 
I Do Imaging and Internet Analysis Tools Registry (IATR), see also 
(Dinov et al., 2008). Some of these have an API so that HTML or 
XML for a specifi c tool can be requested. The NIF resource may be 
downloaded as an XML fi le. NITRC, IATR and I Do Imaging have 
Web 2.0 components with user-provided tool ratings and NITRC 
has an associated wiki. Since 2001, I have updated the Bibliography 
on Neuroinformatics which also lists numerous tools. Recently I 
began the Brede Wiki with structured information about neuro-
science including neuroimaging visualization tools. Anyone can 
‘micro-publish’ relevant information, and the structured content 
allows for off-wiki database queries (Nielsen, 2009).
META-ANALYTIC VISUALIZATION
Many meta-analyses use so-called forest plots and funnel plots, where 
scatter plots with whiskers display effect sizes and estimators of their 
variations in two dimensions (Lewis and Clark, 2001), see Figure 1. 
These meta-analyses typically investigate a single variable – continu-
ous or dichotomous – and its relation to another variable, e.g., a 
personality trait and its association with a genetic polymorphism. In 
neuroimaging meta-analysis, we have a quite different situation: The 
neuroimage result contains not just one variable but many variables, 
i.e., voxels. One would need thousands of standard meta-analysis 
plots to capture the result across studies. Another much more fun-
damental problem stems from the fact that neuroimaging researchers 
typically only report the positive results, e.g., areas with activation 
to a given task, – not signal changes for brain regions that did not 
survive the statistical threshold selected. Meta-analysts usually regard 
the discarding of negative results as a heresy, referring to it as the fi le 
drawer problem or with the term publication bias. All the standard 
statistical meta-analysis technique require that also negative results 
are reported, – at least to some extent (Hedges and Olkin, 1985). So 
INTRODUCTION
In a narrow sense, neuroimaging workfl ows involve neuroimaging 
image processing and analysis. In a more broader sense, the work-
fl ow in a neuroimaging study involves a number of other processes: 
gathering information, designing the experiment, brain scanning, 
interpretation of the study, relating it to other studies and commu-
nicating the study. Data mining in neuroimaging may not only be 
applied as the standard neuroimaging analysis but also set to work on 
other components in workfl ow, and visualization of the data mining 
results may help the individual researcher in understanding his or 
her data as well as in communication with other researchers.
A number of tools exists for visualizing neuroimaging data min-
ing results when the result is a volumetric neuroimage. There are, 
however, also visualization tools for other aspects of the neuroim-
aging process, and one example is our Brede Toolbox (Nielsen and 
Hansen, 2000a). Starting out as a program for handling and visuali-
zation of data from the BrainMap database of Fox et al. (1994) the 
Brede Toolbox now includes its own database of results from neu-
roimaging – the Brede Database (Nielsen, 2003) – as well as analysis 
and visualization functions for a range of tasks. We have setup an 
automated workfl ow involving a few non-interactive batch scripts 
that construct practically the entire Web presence of the Brede 
Database with static Web pages and visualizations. Furthermore, 
automated workfl ows using the ontologies of the Brede Database 
can perform mass meta-analysis across brain functions or brain 
regions (Nielsen, 2005; Nielsen et al., 2006a).
PORTALS FOR VISUALIZATION TOOLS
The abundance of tools for visualization as well as for other aspects 
of the neuroimaging process has spawned an interest in generating 
overviews for these tools, and now there exist several Web-based 
directories: Neuroscience Database Gateway (NDG) (Gardner 
and Shepherd, 2004), Neuroscience Information Framework 
Edited by:
John Van Horn, University of California, 
Los Angeles, CA, USA
Reviewed by:
Kate Fissell, University of Pittsburgh 
Medical Center, Pittsburgh, PA, USA
John Van Horn, University of California, 
Los Angeles, CA, USA
*Correspondence:
Finn Årup Nielsen, DTU Informatics, 
Richard Petersens Plads, DTU, 2800 
Kongens Lyngby, Denmark. 
e-mail: fn@imm.dtu.dk
Frontiers in Neuroinformatics www.frontiersin.org July 2009 | Volume 3 | Article 26 | 2
Nielsen Visualizing data mining results
we may ask if it is at all possible to make appropriate analyses and 
visualizations across studies in neuroimaging?
One simple visualization simply plots the positive results – the 
reported coordinates – in stereotaxic space. The program associ-
ated with the original BrainMap database displayed coordinates in 
2D tri-planar plot (Fox et al., 1994). This type of visualization is 
maintained in a newer version of the database with the program 
Sleuth (Laird et al., 2005). WebCaret may display coordinates in 3D 
as colored spheres together with an infl ated cortical surface (Van 
Essen and Dierker, 2007), see Figure 2. The Brede Toolbox can 
generate 3D visualizations in the corner cube style of Rehm et al. 
(1998). Plotting points in 3D is not straightforward, – simple ‘zero’ 
dimensional graphics do not give an important perception of depth, 
therefore we use 3D glyphs of different color and shape. To help the 
viewer in spatial localizing the coordinates we can add components 
in a confi gurable workfl ow such as AC/PC axes, stalks for the glyphs, 
glyph shadows on the tri-planar walls, contour and cerebral cortex 
outlines from the atlas of Talairach and Tournoux (1988). Figure 3 
shows two visualizations of this kind with Figure 3A displaying all 
coordinates in the Brede Database from papers authored by Edward 
T. Bullmore and Figure 3B displaying cingulate coordinates colored 
according results from a text mining of the associated abstracts 
(Nielsen et al., 2005, 2006a). The batch script setup for the Brede 
Database will automatically generate a plot like Figure 3A for each 
author mentioned in the author ontology. Sometimes these simple 
plots reveal interesting features: The Bullmore coordinates appear 
somewhat limited to the middle of the inferior-superior axis per-
haps refl ecting a restricted fi eld of view selected for some of the 
studies. The elaborate and automated workfl ow for generating a 
plot like Figure 3B involves:
1. Select a brain region and from the Brede Database brain region 
ontology get all naming variation of the brain region and its suba-
reas. With these names extract coordinates from papers recorded 
FIGURE 1 | Meta-analytic forest plot as a Web service with studies on 
personality genetics. Components in the Scalable Vector Graphics image fi le 
are hyperlinked and the content may be controlled interactively through a HTML 
form. Recent work with image-based meta-analysis has shown the possibility of 
constructing sensible forest and funnel plots for functional neuroimaging data 
(Salimi-Khorshidi et al., 2009b).
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FIGURE 3 | Two examples of coordinates in a 3D corner cube visualization. 
(A) Coordinates from the fi ve studies in the Brede Database authored by Edward T. 
Bullmore. The 3D glyphs have type and color according to paper: Dark blue (Phillips 
et al., 1997), light blue (Phillips et al., 1998), light green boxes (Bullmore et al., 
1996), orange spheres (Hunkin et al., 2002), red (Calvert et al., 1999). (B) Cingulate 
coordinates colored according to the clustering results after a text mining of 
abstracts in the Brede Database. Dark magenta glyphs are from the ‘memory’ 
cluster while the light yellow are from the ‘pain’ cluster. From Nielsen et al. (2006a).
FIGURE 2 | WebCaret server-side display of returned coordinates from the 
Surface Management System Database (SumsDB) with a query on ‘middle 
frontal gyrus’. The right window offers some control over the rendering and the 
buttons in the left window may rotate the cortical surface. SumsDB allows the 
query on a neuroanatomical label to be invoked from another program or Web site 
by simple Web linking, and the Brede Wiki automatically constructs such links.
in the database, model their spatial distribution and include extra 
non-matched coordinates that lies within the region.
2. Get abstracts from the Brede Database that – for the brain 
region in question – have one or more coordinates and perform 
text mining, which results in clusters of themes, such as ‘pain’ 
and ‘memory’ and documents belonging to these clusters.
3. Perform statistical tests on the spatial distribution of the 
coordinates grouped according to the text mining clusters to 
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determine if the text mining has discovered functions that are 
segregated in the region.
The procedure is done for all brain regions in the Brede Database 
brain region ontology and Figure 3B shows one of the regions 
that listed high after sorting brain regions according to statistical 
signifi cance in the spatial distribution test.
Data mining directly with the coordinates has been termed coor-
dinate-based meta-analysis (CBMA) and several methods exists 
(Wager et al., 2009), see also Laird et al. (2009), this issue. For the 
most part they involve a form of estimation of a conditional prob-
ability density p(v|c) in stereotaxic space v. The conditioning, c, may 
be, e.g., for a specifi c brain function or a specifi c anatomical label. 
Once the probability density is estimated it can be converted to a 
volume by sampling the probability density in voxels and visual-
ized in the same way as standard neuroimages, or the density can 
be used to color-code the cortical surfaces in a 3D visualization, 
see Wager et al. (2009).
Fox et al. (1997) introduced the method to model the prob-
ability density: a single confi ned area – the primary motor area 
for the mouth – were examined so only a model with mean and 
standard deviation was devised, i.e., a simple Gaussian model. 
As more complex brain functions are distributed in brain space, 
more fl exible models are needed. Our fi rst effort in modeling the 
probability density was by Gaussian mixture models (Nielsen and 
Hansen, 1999):
p c p k P k c
k
Kc
( ) ( ) ( )v v| | | ,∑=  (1)
where each p(v|k) estimates a 3D Gaussian probability density. 
Figure 4A shows the isosurfaces in a model of this type where the 
parameters have been fi tted to data from the BrainMap database. 
Here, each ellipsoids corresponds to a single Gaussian p(v|k) and 
c corresponds to three different labels of ‘behavioral domain’ from 
the BrainMap database that are associated with each coordinate. 
Although the Gaussian mixture model may generalize, the ellipsoids 
do not look neuroanatomical plausible and call for yet more fl exible 
models. Figure 4B is generated with kernel density estimation using 
a Gaussian kernel (Nielsen and Hansen, 2000b). Such models seems 
to generate probabilities that are somewhat more neuroanatomical 
plausible than the Gaussian mixture model.
The isosurfaces in the probability densities in both subplots of 
Figure 4 has been set for display purpose. More statistically grounded 
values can be obtained with the methods by Turkeltaub et al. (2002); 
Nielsen (2005); Costafreda et al. (2009). The methods for probability 
density estimation of coordinates are not limited to activations but 
may be applied to any kind of coordinates in stereotaxic space from 
‘deactivations’, cortical stimulations, lesions or structural changes, 
e.g., obtained with voxel-based morphometry.
When a probability density estimate is constructed for a set of 
coordinates and it is converted to a voxel-volume, then the volumes 
across multiple sets of coordinates may be aggregated into a single 
data matrix X(sets × voxels). This data matrix may then be decom-
posed with multivariate analysis in a number of ways, e.g., with 
singular value decomposition for principal component analysis, 
ULV = X, where the left factorization matrix U(sets × components) 
contains loading over sets of coordinates for each principal com-
ponent and the right factorization matrix V(vowel × components) 
contains loadings over voxels. Other types of decomposition for 
this matrix are independent component analysis (MS = X, with M 
the mixing matrix and S the source matrix), non-negative matrix 
factorization (WH = X) and K-means clustering (CA = X, with C a 
centroid matrix and A an assignment matrix). The right decompo-
sition matrices, V, S, H and A all contain vectors that each represents 
a volume. As part of the workfl ow for presenting the information 
in the Brede Database on the Web the decompositions work on 
data matrices formed from sets of papers and sets of experiments, 
and corner cube visualizations are automatically constructed with 
FIGURE 4 | VRML visualizations with coordinate-based meta-analysis of 
data from BrainMap with isosurfaces in conditional probability densities. 
(A) Gaussian mixture model of the three main behavioral domains in BrainMap: 
Perception (red wireframe), cognition (green surface) and motion (‘M’-textured 
surface). From Nielsen and Hansen (1999). (B) Kernel density modeling of auditory 
(red wireframe) and vision (green) studies. From Nielsen and Hansen (2000b).
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user interface in Java. Among these tools are JIV that renders multiple 
volume data by orthogonal slice views implemented as a Java applet 
(Cocosco and Evans, 2001). iiV implements a similar functional-
ity (Lee et al., 2008), and MindSeer can also render in 3D remotely 
(Moore et al., 2007). NeuroTerrain implements 3D visualization and 
has demonstrated its use in connection with a Mouse atlas (Gustafson 
et al., 2007). The Talairach Applet renders a digital representation of 
the Talairach Atlas and combines it with neuroanatomical labeling of 
coordinates via the Talairach Daemon described by Lancaster et al. 
(2000). Also in connection with the BrainMap database the Java cli-
ent-program Sleuth plots 3D points in orthogonal 2D slices based 
on user query to the BrainMap server (Laird et al., 2005).
The Internet Brain Volume Database (IBVD) records published 
values for brain region volumes across variables such as gender 
and diagnosis (Kennedy et al., 2003). Since the neuroimaging data 
analysis arrives at one single value – the brain volume in cubic cen-
timeters – the visualization of the data is relatively simple compared 
to other neuroinformatics visualizations: From Web-based user 
queries IBVD generates on-the-fl y PNG image-fi les with the brain 
volumes from the different studies plotted as a function of age with 
color-coding and the variability indicated. Interactive visualization 
systems for neuroimages with server-side 3D rendering have been 
described by Poliakov et al. (2005) and a public system is available 
with the WebCaret Web service, see Figure 2.
With the Brede Toolbox we construct 3D visualizations brows-
able on the Web by using the Virtual Reality Modeling Language 
(VRML) (ISO/IEC, 1997; Nielsen and Hansen, 2000a), see the 
VRML examples in Figure 4. When defi ned in the middle of 1990s 
VRML held great promise to get wide-spread use for 3D interactive 
and hyperlinked visualizations, but since then it has had limited 
growth: VRML lacks good browser implementations and there has 
been erratic adoption of a scripting language. Nevertheless, it is 
one of the few means for Web distribution of 3D content in free 
standardized form. An alternative format is the Universal 3D File 
Format (U3D) that can be embedded in newer versions of the PDF 
format. Apart from the Brede Toolbox ImageSurfer described by 
Feng et al. (2007) implements VRML export.
For the Web presentation of the Brede Database, we generate 3D 
corner cube visualizations of the coordinates in the database with an 
offl ine Matlab batch script, – both as image fi les embedded on the 
Web page as well as VRML fi les, see Figure 6. Matlab is not well suited 
to work as a Web script, and for the interactive Web scripts associated 
with the Brede Database, there are presently no visualization imple-
mented. The INC Interactive Talairach Atlas renders 2D orthogonal 
slices from the Talairach and the MNI single subject atlases. This Web 
service can merge a user-given coordinate with the visualization, and 
as such we use it for visualization of individual coordinates from the 
Brede Database and the Brede Wiki, see Figure 7 for an example.
Besides Java, VRML and standard image fi les such as PNG 
the Scalable Vector Graphics (SVG) format may prove useful for 
Internet-based visualizations, see Figure 1 for an example. These 
fi les may contain hyperlinks and JavaScript. However, Web browsers 
do not yet consistently implement the standard.
INFORMATION VISUALIZATION
Data mining results from neuroimaging analysis are not the only type 
of information for visualization. Information about the  background, 
isosurfaces in the volumes contained in the right decomposition 
matrices. Figure 5 shows such a visualization for a component from 
non-negative matrix factorization, i.e., a row in the H matrix. Such 
visualizations may be useful for navigating among the studies in the 
database, and to a certain extent they reveal spatial distributions of 
the ‘cognitive components’ of the brain. Together with the visuali-
zation on the Web page are listed the experiments that have high 
association with the component, i.e., experiments associated with 
large elements in a column of the left matrix W. For the component 
in Figure 5 they are experiments described as, e.g., ‘Visual object 
decision’, ‘Buildings visual objects’, ‘Color perception during free 
viewing’ and ‘Passively viewed scenes’.
Before putting too much trust in visualizations and analysis across 
studies one needs to remember that the study results may have arisen 
in quite different ways. In standard meta-analysis the only variations 
between studies that are usually modeled is the number of subjects 
and the standard deviation of the data in the individual studies. In 
neuroimaging meta-analysis and visualization these variables are not 
usually modeled, for exceptions see Fox et al. (1997). Besides there 
are several other variables that neither are considered: The varying 
thresholds applied, e.g., corrected and uncorrected P-values (Nielsen 
et al., 2006b), the difference in fi eld of view between studies, the 
reporting style of coordinates (e.g., ‘extent threshold’, ‘number of 
maxima per cluster’) as well as the variation from the different pre-
processing and analysis choices that have been made. Furthermore, 
the different CBMA models may produce different results on the 
same material. Salimi-Khorshidi et al. (2009a) compared different 
CBMA models and their application of a threshold makes a ‘blob’ 
appear and disappear depending on the type of CBMA.
INTERNET-BASED VISUALIZATION
Quite a few tools exist for interactive neuroimaging visualization 
across the Internet. Often these tools are based on a client–server 
model with the client implementing the visualization and graphical 
FIGURE 5 | Corner cube visualization on the Web page of the Brede 
Database with results from a non-negative matrix factorization of 
experiments in the database.
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design, scanning, analysis procedure, and  interpretation surrounds 
the data mining results of a typical neuroimaging study. In scien-
tifi c articles, the body text mostly carries this ‘context’ information, 
though sometimes authors also use tables to describe, e.g., subject 
information. Authors rarely apply visualizations for this kind of 
information except in situations with explanation of the experi-
mental design and scanning. The experimental design has a natural 
temporal evolution and as such the visualization often displays the 
design as a function of time. Users of the behavioral experiment 
software from Psychology Software Tools is familiar with the graphi-
cal programming environment of E-Prime which has this kind of 
visualization as an integral part of the development of the experi-
ment. Other parts of the neuroimaging study may be visualized with 
what is usually referred to as information visualization.
In a demonstration visualization, we employed a torus topol-
ogy for an entire neuroimaging study process constructing 3D 
icons for ‘funding’, the experimental design, authors, experimental 
subjects, etc. (Nielsen and Hansen, 1997), see also Figure 8. The 
 usefulness of such a visualization depends on how effective it con-
veys information compared to standard text, and if the visualization 
format requires specialized and limited distributed programs for 
rendering and interaction the impact may be small. Manual crea-
tion of these visualizations is infeasible, – the visualization should 
be constructed automatically from description of the study, e.g., 
the so-called ‘provenance’ (Fissell, 2007). In related visualizations, 
some workfl ow management systems display the processing fl ow 
 graphically (Dinov et al., 2008).
When neuroimaging studies get reported in articles the rela-
tionships between the articles can be turned in to visualizations. 
Many types of visualizations exist and many relationships may be 
revealed: Between terms, concepts, citations to and from articles 
as well as between authors, cited authors and cited journals. The 
visualizations are of course not limited to articles only in neuroim-
aging, see, e.g., Card et al. (1999); Chen (1999). For an example in 
neuroscience Naud et al. (2007) use a spherical embedding algo-
rithm to display a bipartite graph in 3D space with two spheres. 
One of their illustrations visualized the relationship between poster 
sessions in the Society for Neuroscience 2006 meeting together with 
words from the abstracts in the sessions. Another example of text 
mining result visualization is what we termed a ‘cluster bush’, that 
describe the clusters in a hierarchical multivariate analysis (Nielsen 
et al., 2005): Clusters are indicated with dots and thick lines indicate 
a large similarity between two clusters. Given a set of abstracts the 
automated workfl ow for generating a plot like Figure 9 involves the 
conversion of the texts to a bag-of-words matrix, the exclusion of 
a large number of words (stop words), hierarchical non-negative 
matrix factorization and lastly the ‘cluster bush’ visualization all 
implemented with the functions of the Brede Toolbox.
Coordinate-based meta-analysis and text mining can be com-
bined to form visualizations, see Figure 10 and Nielsen et al. 
FIGURE 6 | Screenshot of the Web page for an experiment in Brede 
Database with a corner cube visualization of the coordinates in a 
experiment together with a wireframe indicating an isosurface of 
the kernel density estimate with the coordinates. An interactive 
rendering is provided with the link to a generated corner cube visualization 
in a VRML fi le.
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(2004). The workfl ow for constructing the visualization in the 
fi gure involves the setup of a matrix describing the words in the 
abstract of papers and the construction of another matrix from 
kernel density estimation with the coordinates in each paper. After 
non-negative matrix factorization each individual factor may be 
rendered in 3D and associated with words from the abstract, e.g., 
the blue area in Figure 10A in the occipital lobe is associated with 
words such as ‘visual’ and ‘eye’.
Based on a corpus of articles published between 1997 and 2000 in 
the journal NeuroImage we could plot cited authors and cited journals 
in 2D. The data mining with visualization would for example reveal 
a dichotomy between PET and fMRI (Nielsen, 2002), see Figure 11. 
Here, the workfl ow involves specialized algorithms that extract 
citations and the use of matrix computations, particularly singular 
value decomposition, for multidimensional scaling-like projection 
of the data onto 2D. For the Brede Database, we automatically con-
struct what we have termed ‘bullseye plots’ to display the network of 
 coauthors for each recorded author. Figure 12 shows a larger bullseye 
plot on coauthors in the NeuroImage corpus. Authors near the center, 
such as Friston and Dolan, have high network degrees, which here 
corresponds to the number of authored articles (Nielsen, 2002).
The well-tested and widely used GraphViz package provides spa-
tial graph layout for a given network (Gansner and North, 2000). At 
one point the PubGene Web service used GraphViz in a large-scale 
application for displaying relations between genes based on litera-
ture in PubMed (Jenssen et al., 2001). GraphViz layouts graphs for 
the Web presentation of the Brede Database. These graphs display 
the brain function and brain region ontologies, e.g., indicating that 
‘vision’ has ‘perception’ as taxonomic parent or that the cingulate 
area is a parent for the posterior cingulate, see Figure 13. Our work-
fl ow with the Brede Toolbox involves extraction of the ontology 
from Brede Database XML fi les, construction of a fi le with the 
graph that GraphViz reads, invoking GraphViz for generation of 
an image fi le, and then fi nally construction of the Web page with 
FIGURE 7 | The Web-based INC Interactive Talairach Atlas queried with a coordinate from the Brede Wiki.
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FIGURE 8 | Screenshot of a VRML rendering seeking to convey parts of the information surrounding a neuroimaging study: 3D icons for funding, research 
organization, researchers, software, subjects, and scanner placed in a torus.
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words in the article. The four words with highest load on each cluster are listed.
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 1: motor, movements, somatosensory, hand, finger
 2: painful, perception, thermal, heat, warm
 3: retrieval, neutral, words, encoding, episodic
 4: faces, perceptual, face, recognition, category
 5: visual, eye, time, attention, mental
 6: pain, noxious, verbal, unpleasantness, hot
 7: memory, alzheimer, autobiographical, rest, memories
 8: auditory, spatial, neglect, awareness, language
 9: emotion, emotions, disgust, sadness, happiness
 10: semantic, phonological, cognitive, decision, judgment
A B
FIGURE 10 | A ‘functional’ atlas generated from a combined data mining of text and brain coordinates from the Brede Database. (A) Corner cube 
visualization with labeled brain areas. (B) Automatically generated legend with words from the text mining of abstracts.
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FIGURE 12 | Coauthor bullseye plot (target diagram) with data from 
NeuroImage 1997–2000. A line between two authors indicates that they 
co-wrote a paper. The concentric circles indicate the number of articles written 
by the author in the corpus. The Brede Toolbox automatically constructs similar, 
albeit smaller, bullseye visualizations for each author represented in the Brede 
Database author ontology. These are available on the Web.
the image fi le embedded. GraphViz can construct HTML image 
maps so the nodes in the graph image are associated with clickable 
hyperlinks. On the fi nal Web page a reader may navigate the brain 
region and brain function ontologies by clicking on the nodes in 
the graph. The Brede Toolbox can also use GraphViz for layout of 
other types of data that can be described as a network, e.g., from 
structural equation modeling of regional neuroimaging data. A 
number of journal Web sites use plots called Citation map in the 
style of GraphViz for visualizing in- and out-going citations of each 
article, see, e.g., BMJ and The Journal of Neuroscience Web sites.
Another type of graph visualization within neuroimaging is 
the interactive graph visualization with a hyperbolic browser that 
features in tools from the Laboratory of Neuro Imaging (LONI): 
LOVE and iTools (Dinov et al., 2006, 2008). ISI Web of Knowledge 
provides a Java applet to render their citation information with a 
similar topology.
CONCLUSION AND FUTURE WORK
With the Brede Toolbox we are able to build a workfl ow with extrac-
tion of data from the Brede Database, automated data mining and 
visualizations. The automated procedures generate publicly acces-
sible Web pages with interactive visualizations. An advantage of the 
automated procedure is that little human intervention is required 
to update the visualizations as new data is added to the database. 
The visualizations can display not only spatial neuroimages, but 
for example also results from text mining, and visualization can 
take place across the Internet with data originating on one server 
and displayed on another.
The Brede Database represents just a small fragment of the 
results from the published literature (Derrfuss and Mar, 2009). 
Databases such as NeuroNames, BrainMap and SumsDB are much 
larger. However, no universal database exist for coordinates from 
functional neuroimaging. To gain a higher degree of coverage 
future work may attempt to aggregate data from different data-
bases for combined visualizations. Since typical meta-analytic 
data is anonymous and small (compared to a typical neuroim-
aging study), it is easier to share such data and we may see col-
laborative Internet-based analyses and visualizations. Our wiki 
for personality genetics (Figure 1) is such a collaborative system. 
Building a collaborative system for neuroimaging data requires 
Frontiers in Neuroinformatics www.frontiersin.org July 2009 | Volume 3 | Article 26 | 11
Nielsen Visualizing data mining results
FIGURE 13 | For presenting the Brede Database brain region ontology on the Web the workfl ow with the Brede Toolbox invokes the GraphViz program 
which generates hyperlinked plots of the brain region hierarchy, here for the ‘posterior cingulate gyrus’.
more effort, and in the Brede Wiki only simple visualizations 
are presently available. A target for future development should 
be towards ‘Science 2.0’ where data, analyses and visualizations 
can be shared in Web-based collaborative and user-friendly 
environments.
ACKNOWLEDGMENTS
Many thanks to Kristoffer Hougaard Madsen, Daniela Balslev and 
Lars Kai Hansen for comments on an earlier version of the man-
uscript. This work was supported by the Lundbeck Foundation 
through the Center for Integrated Molecular Brain Imaging.
REFERENCES
Buccigrossi, R., Ellisman, M., Grethe, J., 
Haselgrove, C., Kennedy, D., 
Martone, M., Preuss, N., Sullivan, M., 
and Wagner, K. (2008). The neu-
roimaging informatics tools and 
resources clearinghouse (NITRC). 
In 14th Annual Meeting of the 
Organization for Human Brain 
Mapping, (Organization for Human 
Brain Mapping), pp. 319 T–AM.
Bullmore, E. T., Rabe-Hesketh, S., 
Morris, R. G., Williams, S. C. R., and 
Gregory, L. (1996). Functional mag-
netic resonance image analysis of a 
large-scale neurocognitive network. 
Neuroimage 4, 16–33.
Calvert, G. A., Brammer, M. J., 
Bullmore, E. T. , Campell , R. , 
Iversen, S. D., and David, A. S. 
(1999). Response amplification in 
sensory-specific cortices during 
crossmodal binding. Neuroreport 10, 
2619–2623.
Card, S. K., MacKinlay, J. D., and 
Shneiderman, B. (eds) (1999). 
R e a d i n g s  i n  I n f o r m a t i o n 
Visualization. Using Vision to 
think. The Morgan Kaufmann Series 
in Interactive Technologies. San 
Francisco, CA, Morgan Kaufmann 
Publishers.
Chen, C. (1999). Visualising semantic 
spaces and author co-citation net-
works in digital libraries. Inf. Process. 
Manage. 35, 401–420.
Cocosco, C. A., and Evans, A. C. (2001). 
Java internet viewer: a WWW tool 
for remote 3D medical image data 
visualization and comparison. In 
Proceedings of the 4th International 
Conference on Medical Image 
Computing and Computer-Assisted 
Intervention, Volume 2208 of Lecture 
Notes in Computer Science (London, 
Springer), pp. 1415–1416.
Costafreda, S., David, A. S., and 
Brammer, M. J. (2009). A paramet-
ric approach to voxel-based meta-
 analysis. Neuroimage 46, 115–122.
Derrfuss, J., and Mar, R. A. (2009). Lost in 
localization: the need for a universal 
coordinate database. Neuroimage. In 
press.
Dinov, I. D., Rubin, D., Lorensen, W., 
Dugan, J., Ma, J., Murphy, S., 
Kirschner, B., Bug, W., Sherman, M., 
F lor a tos ,  A . ,  Kennedy, D. , 
Jagadish, H. V., Schmidt, J., Athey, B., 
Califano, A., Musen, M., Altman, R., 
Kikinis, R., Kohane, I., Delp, S., 
Parker, D. S., and Toga, A. W. (2008). 
iTools: a framework for classifica-
tion, categorization and integration 
of computational biology resources. 
PLoS ONE 3, e2265.
Dinov, I. D., Valentino, D., Shin, B. C., 
Konstantinidis, F., Hu, G., MacKenzie-
Graham, A., Lee, E.-F., Shattuck, D., 
Ma, J., Schwartz, C., and Toga, A. W. 
(2006). LONI visualization environ-
ment. J. Digit. Imaging 19, 148–158.
Feng, D., Marshburn, D., Jen, D., 
Weinberg, R. J., Taylor, R. M. II, and 
Burette, A. (2007). Stepping into 
the third dimension. J. Neurosci. 27, 
12757–12760.
Fissell, K. (2007). Workflow-based 
approaches to neuroimaging analysis. 
Methods Mol. Biol. 401, 235–266.
Frontiers in Neuroinformatics www.frontiersin.org July 2009 | Volume 3 | Article 26 | 12
Nielsen Visualizing data mining results
Nielsen, F. Å., Balslev, D., and Hansen, L. K. 
(2005). Mining the posterior cingu-
late: segregation between memory 
and pain component. Neuroimage 
27, 520–532.
Nielsen, F. Å., Balslev, D., and 
Hansen, L. K. (2006a). Data mining 
a functional neuroimaging data-
base for functional segregation in 
brain regions. In Den 15. Danske 
Konference i Mønstergenkendelse 
og Billedanalyse, S. I. Olsen, ed. 
(Copenhagen, The Department of 
Computer Science, University of 
Copenhagen).
Nielsen, F. Å., Christensen, M. S., 
Madsen, K. H., Lund, T. E., and 
Hansen, L. K. (2006b). fMRI neuroin-
formatics. IEEE Eng. Med. Biol. Mag. 
25, 112–119.
Nielsen, F. Å., and Hansen, L. K. (1997). 
Interactive information visualization 
in neuroimaging. In Proceedings of 
the 1997 workshop on New paradigms 
in information visualization and 
manipulation, D. S. Ebert and C. K. 
Nicholas, eds (New York, NY, ACM), 
pp. 62–65.
Nielsen, F. Å., and Hansen, L. K. (1999). 
Modeling of BrainMap Data. Available 
at http://isp.imm.dtu.dk/publica-
tions/1999/nielsen.nips99.ps.gz.
Nielsen, F. Å., and Hansen, L. K. (2000a). 
Experiences with Matlab and VRML 
in functional neuroimaging visuali-
zations. In VDE2000 – Visualization 
Development  Env ironments , 
Workshop Proceedings, Princeton, 
New Jersey, USA, April 27–28, 
2000, S. Klasky and S. Thorpe, eds 
(Princeton, NJ, Princeton Plasma 
Physics Laboratory), pp. 76–81.
Nielsen, F. Å., and Hansen, L. K. (2000b). 
Functional Volumes Modeling Using 
Kernel Density Estimation. Available 
at http://www.imm.dtu.dk/pubdb/
views/edoc_download.php/4688/pdf/
imm4688.pdf.
Nielsen, F. Å., Hansen, L. K., and Balslev, D. 
(2004). Mining for associations 
between text and brain activation in 
a functional neuroimaging database. 
Neuroinformatics 2, 369–380.
Phillips, M. L., Bullmore, E. T., Howard, R., 
Woodruff, P. W., Wright, I. C., 
Williams, S. C., Simmons, A., 
Andrew, C., Brammer, M., and David, A. 
S. (1998). Investigation of facial recogni-
tion memory and happy and sad facial 
expression perception: an fMRI study. 
Psychiatry Res. 83, 127–138.
Phillips, M. L., Young, A. W., Senior, C., 
Brammer, M., Andrew, C., Calder, A. J., 
Bullmore, E. T., Perrett, D. I., 
Rowland, D., Will iams, S. C., 
Gray, J. A., and David, A. S. (1997). A 
specifi c neural substrate for perceiving 
facial expressions of disgust. Nature 
389, 495–498.
Fox, P. T., Lancaster, J. L., Parsons, L. M., 
Xiong, J.-H., and Zamarripa, F. (1997). 
Functional volumes modeling: theory 
and preliminary assessment. Hum. 
Brain Mapp. 5, 306–311.
Fox, P. T., Mikiten, S., Davis, G., and 
Lancaster, J. L. (1994). BrainMap: 
a database of human function 
brain mapping. In Functional 
N e u r o i m a g i n g :  Te c h n i c a l 
Foundations, Chap. 9, R. W. Thatcher, 
M. Hallett, T. Zeffi ro, E. R. John, and 
M. Huerta, eds (San Diego, CA, 
Academic Press), pp. 95–105.
Gansner, E. R., and North, S. C. (2000). An 
open graph visualization system and 
its applications to software engineer-
ing. Softw. Pract. Exp. 30, 1203–1234.
Gardner, D., Akil, H., Ascoli, G., 
B o w d e n ,  D .  M . ,  B u g ,  W. , 
Donohoe, D. E., Goldberg, D. H., 
Grafstein, B., Grethe, J. S., Gupta, A., 
Ha lav i ,  M. , Kennedy, D. N. , 
Marenco, L., Martone, M. E., Miller, P. 
L., Müller, H.-M., Robert, A., 
Shepherd, G. M., Sternberg, P. W., 
Van Essen, D. C., and Williams, 
R. W. (2008). The Neuroscience 
Information Framework: a data 
and knowledge environment for 
neuroscience. Neuroinformatics 6, 
149–160.
Gardner, D., and Shepherd, G. M. 
(2004). A gateway to the future of 
neuroinformatics. Neuroinformatics 
2, 271–274.
Gustafson, C., Bug, W. J., and Nissanov, J. 
(2007). NeuroTerrain – a client–server 
system for browsing 3D biomedical 
image data. BMC Bioinformatics 8, 40.
Hedges, L. V., and Olkin, I. (1985). 
Statistical Methods for Meta-Analysis. 
Orlando, FL, Academic Press.
Hunkin, N. M., Mayes, A. R., Gregory, L. J., 
Nicholas, A. K., Nunn, J. A., 
Brammer, M. J., Bullmore, E. T., and 
Williams, S. C. R. (2002). Novelty-
related activation within the medial 
temporal lobes. Neuropsychologia 40, 
1456–1464.
I S O / I E C  ( 1 9 9 7 ) .  In f o r m a t i o n 
Technology – Computer Graphics 
And Image Processing – The Virtual 
Reality Modeling Language (VRML) – 
Part 1: Functional Specifi cation and 
UTF-8 Encoding. International 
Organization for Standardization/
International Electrotechnical 
Commission. International Standard 
ISO/IEC 14772–1.
Jenssen, T.-K., Læreid, A., Komorowski, J., 
and Hovig, E. (2001). A literature 
network of human genes for high-
throughput analysis of gene expres-
sion. Nat. Genet. 28, 21–28.
Kennedy, D. N., Haselgrove, C., and 
McInerney, S. (2003). MRI-based 
 morphometric analysis of typical 
and atypical brain development. 
Ment. Retard. Dev. Disabil. Res. Rev. 
9, 155–160.
Laird, A. R., Eickhoff, S. B., Kurth, F., 
Fox, P. M., Uecker, A. M., Turner, J. A., 
Robinson, J. L., Lancaster, J. L., and 
Fox, P. T. (2009). ALE meta- analysis 
workflows via the BrainMap data-
base: progress towards a proba-
bilistic functional brain atlas. 
Front. Neuroinform. 3:23. doi: 
10.3389/neuro.11.023.2009.
Laird, A. R., Lancaster, J. L., and Fox, P. T. 
(2005). BrainMap: the social evolution 
of a human brain mapping database. 
Neuroinformatics 3, 65–78.
Lancaster, J. L., Woldorff, M. G., 
Liotti, M., Freitas, C. S., Rainey, L., 
Kochunov, P. V., Nickerson, D., 
Mikiten, S. A., and Fox, P. T. (2000). 
Automated Talairach atlas labels for 
functional brain mapping. Hum. Brain 
Mapp. 10, 120–131.
Lee, J. T., Munch, K. R., Carlis, J. V., and 
Pardo, J. V. (2008). Internet image 
viewer (iiV). BMC Med. Imaging 
8, 10.
Lewis, S., and Clark, M. (2001). Forest 
plots: trying to see the wood and the 
trees. BMJ 322, 1479–1480.
Moore, E. B., Poliakov, A. V., Lincoln, P., 
and Brinkley, J. F. (2007). MindSeer: 
a portable and extensible tool for 
visualization of structural and func-
tional neuroimaging data. BMC 
Bioinformatics 8, 389.
Naud, A., Usui, S., Ueda, N., and 
Taniguchi, T. (2007). Visualization 
of documents and concepts in neu-
roinformatics with the 3D-SE viewer. 
Front. Neuroinformatics 1, 7.
Nielsen, F. Å. (2002). Neuroinformatics 
in Functional Neuroimaging. 
PhD Thesis, Informatics and 
Mathematical Modelling, Technical 
University of Denmark, Lyngby 
(IMM-PHD-2001-87).
Nielsen, F. Å. (2003). The Brede data-
base: a small database for functional 
neuroimaging. Neuroimage 19, 2. 
Presented at the 9th International 
Conference on Functional Mapping 
of the Human Brain, June 19–22, 
2003, New York, NY. Available on 
CD-Rom.
Nielsen, F. Å. (2005). Mass meta-analy-
sis in Talairach space. In Advances 
in Neural Information Processing 
Systems 17, L. K. Saul, Y. Weiss, and L. 
Bottou, eds (Cambridge, MA, MIT 
Press), pp. 985–992.
Nielsen, F. Å. (2009). Brede Wiki: neuro-
science data structured in a wiki. In 
Proceedings of the Fourth Workshop 
on Semantic Wikis – The Semantic 
Wiki Web, Volume 464 of CEUR 
Workshop Proceedings, C. Lange, S. 
Schaffert, H. Skaf-Molli, and M. 
Völkel, eds (Aachen, RWTH Aachen 
University), pp. 129–133.
Poliakov, A. V., Albright, E., Hinshaw, K. P., 
Corina, D. P., Ojemann, G., 
Martin, R. F., and Brinkley, J. F. 
(2005). Server-based approach to 
web visualization of integrated three-
 dimensional brain imaging data. J. Am. 
Med. Inform. Assoc. 12, 140–151.
Rehm, K., Lakshminarayan, K., 
Frutiger, S. A., Schaper, K. A., 
Sumners, D. L., Strother, S. C., 
Anderson, J. R., and Rottenberg, D. A. 
(1998). A symbolic environment for 
visualizing activated foci in functional 
neuroimaging datasets. Med. Image 
Anal. 2, 215–226.
Salimi-Khorshidi, G., Smith, S. M., 
Keltner, J. R., Wager, T. D., and 
Nichols, T. E. (2009a). Meta-analysis 
of neuroimaging data: A comparison 
of image-based and coordinate-based 
pooling of studies. Neuroimage 45, 
810–823.
Salimi-Khorshidi, G., Smith, S. M., and 
Nichols, T. E. (2009b). Bias and het-
erogeneity in neuroimaging meta-
analysis. In 15th Annual Meeting of 
the Organization for Human Brain 
Mapping Abstracts Online. 406 
SA-PM.
Talairach, J., and Tournoux, P. (1988). Co-
planar Stereotaxic Atlas of the Human 
Brain. New York, Thieme Medical 
Publisher Inc.
Turkeltaub, P. E., Eden, G. F., Jones, K. M., 
and Zeffi ro, T. A. (2002). Meta- analysis 
of the functional neuroanatomy of sin-
gle-word reading: method and valida-
tion. Neuroimage 16(Pt 1), 765–780.
Van Essen, D. C., and Dierker, D. L. (2007). 
Surface-based and probabilistic atlases 
of primate cerebral cortex. Neuron 56, 
209–225.
Wager, T. D., Lindquist, M. A., Nichols, T. E., 
Kober, H., and Snellenberg, J. X. V. 
(2009). Evaluating the consistency 
and specifi city of neuroimaging data 
using meta-analysis. Neuroimage 
1(Suppl. 1), S210–S221.
Conflict of Interest Statement: The 
authors declare that the research was con-
ducted in the absence of any commercial or 
fi nancial relationships that could be con-
strued as a potential confl ict of interest.
Received: 01 April 2009; paper pending 
published: 01 May 2009; accepted: 10 July 
2009; published online: 28 July 2009.
Citation: Nielsen FA (2009) Visualizing 
data mining results with the Brede tools. 
Front. Neuroinform. (2009) 3:26. doi: 
10.3389/neuro.11.026.2009
Copyright © 2009 Nielsen. This is an 
open-access article subject to an exclusive 
license agreement between the authors and 
the Frontiers Research Foundation, which 
permits unrestricted use, distribution, and 
reproduction in any medium, provided the 
original authors and source are credited.
